Objective: Unlocking the data contained within both structured and unstructured components of Electronic Health Records (EHRs) has the potential to provide a step change in data available forsecondary research use, generation of actionable medical insights, hospital management and trial recruitment. To achieve this, we implemented SemEHR -a semantic search and analytics, open source tool for EHRs.
2 contextualised mentions of a wide range of biomedical concepts within EHRs. Natural Language Processing (NLP) annotations are further assembled at patient level and extended with EHR-specific knowledge to generate a timeline for each patient. The semantic data is serviced via ontology-based search and analytics interfaces. SemEHR is being used to recruit patients into the UK Dept of Health 100k Genome Project (genomicsengland.co.uk). The validation study suggests that the tool can validate previously recruited cases and is very fast in searching phenotypes -time for recruitment criteria checking reduced from days to minutes.
Results
Validated on an open intensive care EHR data -MIMICIII, the vital signs extracted by SemEHR can achieve around 97% accuracy.
Conclusion:
Results from the multiple case studies demonstrate SemEHR's efficiency -weeks or months of work can be done within hours or minutes in some cases. SemEHR provides a more comprehensive view of a patient, bringing in more and unexpected insight compared to study-oriented bespoke information extraction
systems.
SemEHR is open source available at https://github.com/CogStack/SemEHR.
BACKGROUND
The opportunity for secondary use of the wealth of information contained within Electronic Health Records (EHRs) has attracted researchers interested in investigating approaches to provide more tailored and timely care, improve efficiency of services and to derive new scientific and medical insights [1] [2] [3] [4] . In addition to structured data contained within relational database tables (such as ICD-10 diagnoses codes), EHR documents are filled with unstructured clinical notes, such as nursing records, radiology reports or discharge summaries.
These notes add a richness and depth to EHR-based studies [5] [6] [7] , providing data and insight beyond what is 3 available within the thin supernatant of data stored within the structured fields.
Deriving actionable insights from the EHR, including the unstructured component is challenging.It requires bringing together expertise in the clinical domain, the underlying healthcare information systems and text analytics techniques, e.g. Natural Language Processing (NLP). For example, the Clinical Record Interactive
Search system (CRIS) [8] , an anonymised replica of the EHR used in the South London and Maudsley NHS Foundation Trust (SLaM) in the UK, was designed for supporting clinical and scientific studies. Since its launch in 2009, a large number of studies ( [9] [10] [11] [12] [13] to name a few) used the CRIS resource in conjunction with NLP or text mining techniques. Although these studies answered different clinical questions, the technical requirements for extracting, structuring and making sense of the data largely overlapped, and included: a) corpus-related document pre-processing and cleansing (e.g., removing misleading form headings from scanned documents); b) common medical terminology compilation and recognition (e.g., the antipsychotic medication identification problem is almost the same in [10] and [11] ); and c) deriving patient-level clinical signals from document-level NLP annotations (e.g. understanding that a medication prescribed at admission time was actually removed from the patient's discharge medication list).
As unstructured EHR data is inevitably needed by many research projects and clinical studies, more costeffective and systematic solutions are needed to address the common challenges faced by different use cases, while also ensuring that study-specific requirements are not compromised by the unified approach.
To address such challenges, we propose SemEHR -a semantic search and analytical system generating a complete and processable view of a patient from his/her clinical notes.
•
To realise a general-purpose biomedical information extraction (IE) system on EHRs, there are at least three fundamental challenges: a) syntactic heterogeneity: how to effectively access multi-modal/multisource EHR data that are almost certainly heterogeneous in formats, data models and access interfaces; b) knowledge coverage: how to cover all possible biomedical concepts that are required by potential use cases; c) context capturing: how to represent and capture the contexts associated with extracted concepts, and which are critical to understanding the clinical domain. To address these challenges, SemEHR architects a production infrastructure that integrates our previous work in the CogStack pipeline [14] to harmonise and cleanse heterogeneous records, using them to identify contextualised 4 mentions (negation, temporality and experiencer) of a wide range of biomedical concepts including SNOMED CT 1 , ICD-10 2 , LOINC 3 and Drug Ontology 4 . In addition, SemEHR automatically associates semantic types of annotations and their clinical contexts (derived from containing documents or sections) with dedicated extraction rules, which enables better IE capabilities such as populating the structured vital sign data from observation notes.
It is well appreciated that one-size-fits-all approaches need to be adapted to work effectively in different scenarios. Therefore, to serve different use cases well, we require the capability to to extend the terminology of the general-purpose IE system to cover unseen concepts, deal with language specificities in a subcorpus, support use-case-specific extraction requirements and enable performance fine-tuning, e.g. by incorporating specific knowledge or researchers' expertise. SemEHR provides a study-based (use-case-specific) learning engine enabling iterative learning and feedback. It collects user feedback and uses rule-based and machine learning techniques to tackle study-specific challenges and requirements in a continuous manner. • Lastly, and probably most importantly, EHRs represent a timeline of multiple patient interactions with services. As such, The document level IE results should be integrated at patient level to incorporate temporal and macro-contextual information (which reports, which visits, etc. as opposed to the sentencebased contextual information discussed above). Only after this integration is the EHR IE task complete.
However, this requires a thorough understanding of the EHR system. SemEHR provides a multiperspective view for each patient by assembling NLP annotations at patient-level as longitudinal views and compiling structured medical profiles. Both NLP results and the patient timeline are made available via an ontology-based search system, which effectively turns common IE tasks into semantic sea queries. The interface provides a multi-perspective view for each patient by assembling NLP annotati at patient-level as longitudinal views and compiling structured medical profiles. 
Method

Data model and longitudinal patient views
ease;
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Ribavirin is a drug for treating Hepatitis C) are made available for conducting semantically enriched computations by incorporating the various biomedical ontologies and Linked Open Data 5 such as DBpedia [17] and Wikidata [18] . SemEHR derives periodical medical profiles from clinical notes belonging to a patient, -automatically generated medical summaries consisting of a set of profile aspects (sections describing different aspects of a medical profile, .e.g past medical history, medication and etc.) for a defined period of time. Concept mentions are assigned to these aspects according to their appearances in the original clinical notes. As the yellow boxes of Figure 1a show, SemEHR entities are mapped to Fast Healthcare Interoperability Resources (FHIR) 6 entities whenever possible.
Based on this data model, SemEHR populates two longitudinal views (shown in Figure 1b summaries are derived from discharge summaries. When discharge summaries are not available, an automated summarisation approach is applied to generate the summaries based on the concept types' and concept mentions' contextual information. Automated summaries are differentiated from those generated from discharge summaries. Supplementary material 2 describes the detailed process of automated medical profile generation.
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Architecture: generic and adaptive information extraction and retrieval As illustrated in Figure 2 , SemEHR is composed of three subsystems -the producing subsystem, the continuous learning subsystem and the consuming subsystem.
The Producing Subsystem
Essentially, the producing subsystem extracts free-text clinical notes from heterogenous underlying EHR systems, populating the data model described in the previous section. This task is performed in three main steps:
data retrieval, information extraction and semantic indexing. CogStack [14] , a data harmonisation and enterprise search toolkit for EHRs, is adopted in the data retrieval step to provide a unified interface to unstructured EHR data, which is often very heterogeneous in format and distributed in storage. Each document that flows out from medical history, laboratory results); the continuous learning subsystem (to be described in next subsection) learns the contexts from user assessed annotations (see Supplementary Material 1 for detail).
The Continuous Learning Subsystem
To accommodate the uniqueness of the IE requirements of different studies, SemEHR is designed with a continuous learning subsystem to iteratively address study-specific issues 10
The Consuming Subsystem This subsystem consists of a set of components that utilise information extraction results and clinical knowledge (accessed from biomedical ontology and Linked Open Data APIs) to support tasks such as patient characterisation or trial recruitment. A consuming task is called a 'study' in SemEHR. Each study will have its own storage within SemEHR's Study Knowledge Graph (the bottom of Storage Section in Figure 2 ), which stores its study parameters (e.g., cohort definition and metadata), search settings (e.g., query concepts), study results (e.g., selected cohort and exported features) and customised rules (e.g., regular expressions to remove unwanted annotations). There is also a common knowledge graph (KG) (Common KG in Figure 2 • Generating patient views and structured medical profile. As a generic information extraction and retrieval platform, SemEHR processes all EHR records for a patient and tries to identify a wide range of biomedical concepts from them. This enables it to produce a panorama for each patient. As shown in section C of Figure 3 , three different views are generated for each patient.
○
The first view is the longitudinal document view (the upper part of Figure 3 section C), which lists all patient documents in chronological order, labels documents using their types and ticks those documents that matched the query. This view delivers the abundance of a patient's records, the prevalence of matched documents and their temporal distributions.
The second view is the structured medical profile (lower part of Figure 3 section C) that is automatically derived from patients' clinical notes and structured using extended FHIR discharge summary format 10 . This structured summary enhances SemEHR's searching and IE ability. For example, by constraining the search field to "Family History", one can get a cohort with a family history of a certain disorder. In addition, knowing a piece of text appeared in the "Hospital Discharge Physical", sophisticated rules can be applied to extract more structured data such as vital signs.
The third view is the view of vital signs and other measurements (middle part of Figure 3 section C). This is automatically generated by applying IE rules on the latest structured summary of a patient.
Based on these key functionalities, SemEHR provides a set of search interfaces to surface the clinical variables hidden in clinical notes. A typical query such as 'return all patients with a family history of hepatitis c', which previously might have required the end user to have NLP expertise, e.g., doing named entity recognition for 'heptatitis c' that must be mentioned in the context of 'family history' . Using SemEHR, the end user can put in a simple keyword search: "hepatitis c". To fulfill this search, SemEHR will pull out the cohort of relevant patients, populate patient-level summaries, i.e. numbers of contextualised concept mentions (e.g., 2nd patient has 16 total mentions of the disease, 15 of them were positive and 1 was about a family member), and provide a link to each mention in the original source clinical note (similar to the UI illustrated in Figure 3B ). 
Results
Precision
Studies conducted on CRIS data of South London and Maudsley Hospital
SemEHR has been deployed on the anonymised psychiatric records database CRIS [8] , which contains a total of the results of two experiments designed to evaluate the effectiveness of such integration on two case studies -Hepatitis C and HIV. The results show that the number of positive mentions of diseases at patient level is a good feature for supervised learning methods (Naive Bayes or decision table) to classify whether a patient suffers from a disease or not.
Study conducted at King's College Hospital, London
At King's College Hospital, SemEHR is being used to assess the eligibility of, and subsequently recruit patients into the 100,000 Genomics England Project 11 .
Here, an open SPARQL endpoint is integrated to map UMLS concepts to Human Phenotype Ontology (HPO) terms, inclusion criteria for recruitment and the concepts necessary to populate complex phenotype models. The preliminary validation study suggests that the tool is able to validate previously submitted cases and is very fast (providing results within seconds) in searching phenotypes; an operation that previously required manual assessments through patient records. For example, the time for recruitment criteria checking of a patient is reduced significantly from days to minutes for dermatology disorders, of which the inclusion/exclusion criteria contain 120 phenotypes in average. In addition, the semantic reasoning (e.g., expanding searching concepts with more specific concepts) has been found to be helpful for identifying two specific phenotypes, namely Neutropenia and Hypertension. 
Studies conducted on MIMIC-III data
We deployed a SemEHR instance on MIMIC-III [19] , an intensive care EHR dataset anonymised from two USbased hospitals and made public for research purposes. MIMIC-III contains about 2 million free-text clinical notes and comprises very good structured data including high-resolution laboratory measurements for most patients.
To evaluate the performance of SemEHR's structured medical profile, we randomly selected 100 patients and assessed the accuracy of automatically extracted laboratory measurements in their SemEHR medical profiles.
The results are presented in Table 2 . Eleven types of laboratory measurements were manually selected for this evaluation, which contains popular tests such as Hematocrit and relatively rare ones such as blood urea. First, we compared the extracted measurement values with those stored in the MIMIC-III structured data. A patient usually has multiple values of the same measurement that were measured/tested at different times and it should be noted that as long as the extracted value appears within the list of all values from the structured data, the extraction is deemed correct; otherwise incorrect. The result of the first step is presented in the second last column. The average accuracy using structured data verification is 89%. For those incorrect extractions, we applied a second step of manual assessment. This step identified some false negative results from the first step caused by reasons including decimal rounding (3 cases), different units (2 cases) and missing laboratory events in structured data (6 cases). The accuracies based on the manual verification are reported in the last column of Results and feedback from the multiple SemEHR use cases have shown its effectiveness in automating lengthy manual tasks without jeopardising accuracy. Queries are returned at a rate rapid enough to enable iterative tailoring to achieve high specificity. Moreover, according to our case studies at SLaM, SemEHR has achieved similar accuracy to bespoke NLP applications built upon TextHunter [13] . Powered by ontological semantics, researchers can make use of semantically associated concepts to improve results, e.g. in the CRIS-based liver disease study, the inclusion of 8 drugs used for treating liver diseases have helped to find more patients.
Our case studies have shown that building a unified framework like SemEHR realises a more cost-effective 16 approach to dealing with common information extraction challenges and significantly lowers the barrier for researchers, coders and clinicians to access knowledge residing within unstructured clinical notes. SemEHR has great potential in enabling the efficient and effective secondary use of EHRs to improve healthcare services.
Furthermore, SemEHR-like systems initiate a collaborative learning platform as advocated by Moseley and et al. [20] , enabling studies to be conducted in a cooperative way rather than resources remaining in isolated silos.
SemEHR provides different patient views, with the aim of presenting a more continuous representation of the patient's treatment timeline. Such views may reveal data quality issues [21, 22] to researchers or clinicians so that necessary actions can be taken before deriving conclusions. For example, the longitudinal document view gives a quick overview of how abundant or detailed a patient's EHR is , which helps identify patients who have incomplete records and might need to be removed from studies. However, data quality issues such as data incompleteness, inconsistency and inaccuracy need to be addressed in a systematic way; making users aware of the potential issues is only the first step. In our future work, we will investigate approaches to tackle challenges such as automated patient-level consistency checking, bearing in mind that some of the challenges require wider-scope, e.g. institution-level, attention [23, 24] .
Conclusion
In this paper, we presented SemEHR, a unified information extraction (IE) and semantic search system for obtaining clinical insight from unstructured clinical notes. With a dedicated architecture and the incorporation of semantic analytics, SemEHR effectively turns IE tasks into (iterative) ontology-based searches, which significantly lowers the barriers to secondary use of unstructured EHR data. The system has been deployed in several NHS hospitals in the UK and a number of case studies have been initiated, including patient recruitment for the UK government's 100,000 Genomics England project. Results and feedback demonstrate that SemEHR can efficiently perform the task of cohort selection and patient characterisation with high accuracy. SemEHR is open source; all non-sensitive data relating to its verifications has been published in its online repository:
https://github.com/CogStack/SemEHR.
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